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Abstract

Community detection or clustering is a fundamental task in the analysis of network data. Many
real networks have a bipartite structure which makes community detection challenging. In this
paper, we consider a model which allows for matched communities in the bipartite setting,
in addition to node covariates with information about the matching. We derive a simple fast
algorithm for fitting the model based on variational inference ideas and show its effectiveness
on both simulated and real data. A variation of the model to allow for degree-correction is
also considered, in addition to a novel approach to fitting such degree-corrected models.
Keywords:  bipartite networks, community detection, stochastic block model, bipartite
matching, node attributes

1. Introduction

Network analysis has been a very active area of research with applications to social sciences,
biology and marketing, to name a few. A fundamental problem in network data analysis is
community detection, or clustering: Given a collection of nodes and a similarity matrix among
them, interpreted as the adjacency matrix of a (weighted) network, one wants to partition the
nodes into clusters, or communities, of high similarity. For undirected networks, a popular
model for community-structured networks is the stochastic block model (SBM) (Holland et al.,
1983) and its variants (Karrer and Newman, 2011; Gopalan and Blei, 2013), which have been
extensively investigated in recent years both in terms of theoretical properties and efficient
fitting algorithms. See for instance Bickel and Chen (2009); Decelle et al. (2011); Rohe et al.
(2011); Mossel et al. (2015); Zhao et al. (2012); Amini et al. (2013); Qin and Rohe (2013); Mossel
et al. (2013); Massoulié (2014); Amini and Levina (2018); Gao et al. (2017); Abbe (2017); Jing
and Rinaldo (2015); Hajek et al. (2016); Abbe et al. (2016); Gao et al. (2016) for a sample of
the work. On the other hand, a natural structure is often present in many real networks, that of
being bipartite, where nodes are divided into two sets, or sides, and only connections between
nodes of different sides are allowed. Examples include networks of actors and movies, scientific
papers and their authors, shoppers and products, and proteins and the genes they regulate.
Block-modeling with the explicit aim of taking into account the bipartite nature of a network
has received comparatively less attention. Interesting new modeling possibilities emerge in the
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bipartite case, chief among them being the issue of matching between the communities of the
two sides.

Finding matched node communities in a bipartite network is a necessary task for network
analysis in many applications, especially in biomedical sciences. For example, in molecular
biology, a key question is to understand how thousands of proteins regulate their downstream
genes in a collaborative manner (Davidson and Levin, 2005; Hecker et al., 2009). Provided with
a protein-gene interaction network, constructed from high-throughput biological data, a much
needed task is to find clusters of proteins that co-regulate a cluster of genes (Barabasi and
Oltvai, 2004). Understanding this complicated protein-gene relationship will shed new light on
understanding molecular mechanisms underlying diseases, such as cancers (Madhamshettiwar
et al., 2012) and neurodegenerative diseases (Parikshak et al., 2015). For another example,
in evolutionary biology, certain genes in two different species share common ancestors in the
evolutionary history (Harvey et al., 1991). The pairwise gene conservation relationship is
described by an ortholog bipartite network, where an edge connects two conserved genes, one
from each species, and such two genes are referred to as orthologs (Liao and Zhang, 2005).
How to identify two clusters of genes, one cluster in each species, that are jointly evolutionarily
conserved, is a matched community detection question. For a third example, in cancer biology,
researchers are often interested in linking DNA profiles with gene expression (RNA) profiles of
cancer patients (Hedenfalk et al., 2001; Iwakawa et al., 2015; Robinson et al., 2015). In other
words, researchers would like to learn what DNA mutations would cause what gene expression
changes, so that they can design treatment strategies at the RNA or protein levels given a
patient’s DNA profile. It is well known that multiple mutations often have a joint effect on
the expression levels of multiple genes (Vogelstein and Kinzler, 2004). Thus how to detect
such a joint effect given a mutation-gene bipartite network is a matched community detection
problem. Another key question in cancer biology is to discover new and rare subtypes for a
given type of cancer (Sgrlie et al., 2001, 2003; Banerji et al., 2012; Wang et al., 2011). To
address this question, one can consider the bipartite gene-patient network where the edges are
mutation status (or the expression value) of a gene in a patient. This is clearly a matched
community detection problem where the co-cluster of the genes and patients determine the
cancer subtypes.

In addition to biomedical sciences, finding matched clusters in a bipartite network also
has broad applications in social sciences. For example, consider the author—paper bipartite
networks where an edge signifies the authorship. There is a matching between the authors
and the papers in these networks since most authors follow a theme in their publications.
The matched communities in this case correspond to high-level fields of study. As an another
example, consider the Wikipedia page—user networks where an edge captures the act of editing
a page. In these networks, the users also congregate in groups based on their interests and
the subject matter of the pages or, say, their language. The common subject or the language
constitutes a matched community pair in this case. We refer to Section 5 for a detailed analysis
of some of these networks.

The problem of community detection in bipartite networks is closely related to that of
co-clustering, also known as bi-clustering, which goes back at least to (Hartingan, 1972). Co-
clustering refers to simultaneous clustering of the rows and columns of a matrix, the bi-
adjacency matriz of a bipartite graph. It has been extensively used in biological applica-
tions (Cheng and Church, 2000; Madeira et al., 2010) and text mining (Dhillon, 2001, 2003;
Bisson and Hussain, 2008). Recently, (Choi and Wolfe, 2014; Flynn and Perry, 2012) studied
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likelihood-based co-clustering. Rohe et al. (2016) proposed a spectral co-clustering algorithm
for directed networks and discussed how it can be applied to bipartite setting. Often, the co-
clustering formulation ignores the issue of matching of the clusters, in the sense that in general
any row cluster can be in relation to any column cluster.

Another common approach is to reduce community detection in the bipartite setting to two
separate instances of usual clustering of (undirected) unipartite networks, by forming one-mode
projections of the network onto the two sides (Zhou et al., 2007). Despite a moderate reduction
in the dimension (having to deal with two smaller networks), the projection approach suffers
from information loss and identifiability issues (Zhou et al., 2007). Projection can also turn a
structured bipartite network into unstructured unipartite ones or vice versa (Larremore et al.,
2014). Another major difficulty is establishing a link between the communities on the two sides.
One can come up with ad-hoc association measures between communities of the two sides, e.g.,
by counting links between each pair. This, however, leads to another bipartite graph on the
communities, leading to the difficulty of interpretation. In effect, the problem transfers from
community detection on the individual nodes, to that on the newly-discovered communities,
or supernodes.

Block-modeling in the bipartite setting has recently gained more attention. Wyse et al.
(2014) proposed a method to infer both community memberships as well as the number of
communities in a bipartite network using a block model and an algorithm similar to the iterated
conditional modes (Besag, 1986). Larremore et al. (2014) has proposed a bipartite stochastic
block model (BiSBM) that built on the work of Karrer and Newman (2011) to infer bipartite
community structure in both degree-corrected and uncorrected regimes by maximizing a profile
likelihood over all partitions. In both cases, the issue of matching of the communities on the
two sides is not the main concern.

Motivated by the matching problem, in this paper, we consider the problem of matched
community detection in a bipartite network. In many practical examples, one either expects
a one-to-one correspondence between the communities of the two sides, or it is reasonable to
postulate such structure, due to ease of interpretation (Section 2). The problem of “finding
communities in a bipartite network that are in one-to-one correspondence between the two
sides” is what we refer to as matched community detection. In its simplest form, the model
assumes that nodes belonging to matched communities have a higher probability of connection
(cf. Equation (3)) and may also have correlated values for their nodal covariates. In other
words, we will propose a generative model for such networks where there is a hidden matched
community structure that affects the distribution of the observed network and the nodal co-
variates. This avoids the need for post-hoc matching of the communities: the matching is built
into the model and inferred simultaneously along with the communities in the process of fitting
the model. Our model is a natural extension of the well-known stochastic block model (SBM)
and is discussed in detail in Section 2. We also discuss an extension of our model to allow
for degree-correction (Section A.3), providing a matched version of the degree-corrected block
model (DC-SBM).

In another direction, many networks come with metadata, often in the form of node at-
tributes, or covariates. In our four motivating examples from biomedical sciences, node co-
variates are often available and provide useful information for detecting matched communities.
In the protein-gene example, expression levels of the proteins and genes are natural node co-
variates (Segal et al., 2003; Bansal et al., 2006). Incorporating the covariate information will
allow us to more accurately identify a group of proteins that co-regulate a cluster of genes,
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because it is expected that the proteins in a group should share similar expression patterns, and
likewise for the genes. In the ortholog example, the expression levels of genes in each species
are useful node covariates, which will help researchers better identify clusters of genes that are
not only conserved between the two species but also share similar functional characteristics
within each species (Li et al., 2014; Gerstein et al., 2014). In the mutation-gene network, gene
expression levels are the covariates of the gene nodes. Using this covariate information will be
useful for identifying the active genes as a result of mutations (Hedenfalk et al., 2001; Iwakawa
et al., 2015; Robinson et al., 2015). For cancer sub-type detection example, using the patient’s
data such as age, gender, race, progression-free and overall survival time, the primary site of
the tumor as well as its stage and grade, etc. as node covariates will help in identifying rare
and often more aggressive subtypes (Cheang et al., 2009; Arvold et al., 2011; Von Minckwitz
et al., 2012). For the author-paper example, the frequencies of the words in each paper can
be considered as node covariates for the paper side. In the Wikipedia user—page networks, the
location of the users can be informative covariates.

The potential for improving quality of the clusters by incorporating node covariates has
been explored in recent work, in the context of unipartite networks (Binkiewicz et al., 2017;
Zhang et al., 2016; Yan and Sarkar, 2016; Newman and Clauset, 2016). The bipartite setting
adds another challenge to modeling node covariates, in particular, how to jointly model the
covariates on the two sides, considering that one often has covariates of different dimensions
on each side. (The extreme case is when only one side has node covariates.) We extend our
proposed model to allow for the presence of node covariates that are aware of the matching
between communities of the two sides. In other words, covariates corresponding to nodes
in matched communities are statistically linked. The linkage can be tuned using a general
cross-covariance matrix, allowing for varying degrees of covariate influence on the community
detection problem (Section 2). It is worth noting that we specifically model the problems where
the network and node covariates are driven by a single latent community structure. This is
often a plausible assumption in many applications. In these cases, one expects to obtain
more accurate community estimates by properly combining the two sources of information;
our model allows for a natural incorporation of these two sources by maximizing the joint
likelihood. Modeling cases where the node covariates and the network provide conflicting
information about a potential clustering remains a challenging task and is outside the scope of
the present paper.

To fit our models, we derive an algorithm based on the variational inference, also known as
the variational Bayes (Jordan et al., 1999; Blei et al., 2017) ideas (Section 3). We derive both
the degree-corrected and uncorrected versions of algorithm within the same unified framework,
namely, sequential block-coordinate ascent on the variational likelihood. This in particular
leads to a novel approach to fitting degree-corrected likelihoods using methods of continuous
optimization (as opposed to profiling out the degree-correction parameters and optimizing
over the space of discrete labels.). As part of the initialization of the algorithm, we revisit a
bipartite spectral clustering algorithm, biSC first proposed in Dhillon (2001), and identify it
as an effective algorithm for matched bipartite clustering. We show the effectiveness of our
approach on simulated (Section 4) and real data, namely, page-user networks collected from
Wikipedia and two sets of author-paper networks, one extracted from Arnetminer collection
by Tang et al. (2012) and the other scraped from DBLP(Section 5).

To summarize, our contributions in this paper are the following:
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(i) Identify the matching problem in bipartite community detection more clearly and give it
the prominent role, by showing that it is possible to consider matched communities from
the start in the modeling process. Bringing attention to matched bipartite clustering
(or community detection) as a well-defined problem also allows us to identify an earlier
spectral algorithm, namely that of Dhillon (2001), originally proposed in the context
of topic modeling, as effectively solving the matched version of bipartite clustering. At
present, we are unaware of any other algorithm that attempts to solve this problem
directly.

(ii) Propose a natural bipartite extension of the SBM and DC-SBM: matched bipartite stochas-
tic block model (mbiSBM), which has a latent structure of matched communities and allows
for node covariates that are potentially informative about the matching (see Section 2).
Some of the challenges involved in joint modeling of the node covariates of the two sides
are resolved by appealing to hierarchical Bayesian modeling ideas (Gelman et al., 2003).

(iii) Show the effectiveness of the variational Bayes approach in fitting the overall mbiSBM
model, when combined with good initialization, especially a variant of the biSC algorithm
of Dhillon (2001). The algorithm is a block-coordinate ascent with a closed-form, fairly
cheap iterations, and can be scaled to large networks.

Notation. We write [K] := {1,...,K} and Pg := {p € RE : 1Tp = 1}, for the set of
probability vectors on [K]. Here, 1 is the all-ones vector of dimension K. We identify [K] with
{0,1}% NPk, the set of binary vectors of length K having exactly a single entry equal to one.
The identification is via the so-called one-hot encoding: z = k as an element of [K] iff z; = 1,
treating z as element of {0, 1} NPx. We will use I to denoted the d x d identity matrix.
The probability density function (PDF) of a multivariate Gaussian distribution with mean
p and covariance ¥ is denoted as x — N(x;p, ). The constant terms in an expression are
denoted as “const.”. We write = for equality up to additive constants. We use [Z7; Z5] to denote
the vertical concatenation of two matrices Z; and Zs, having the same number of columns.

2. Matched Bipartite SBM

The stochastic block model (SBM) is a generative model for networks with communities (or
blocks). In the most basic SBM, sometimes called the planted partition model, each node is
assigned to one of the K communities and the edges are placed independently between two
nodes i and j, with probability p if ¢ and j belong to the same community, and with probability ¢
otherwise. When p = ¢, one recovers the famous Erdés—Rényi model, where there is no genuine
community structure. The interesting cases are the assortative model where p > ¢ and the
dissortative model where p < ¢. Our focus in this paper is mainly on the assortative case,
though the results can be easily adapted to the other case.

We start with the ingredients needed to define the matched bipartite SBM (mbiSBM). As-
sume that we have two groups of nodes [N1] = {1,..., N1} and [N2] = {1,..., Ny}, representing
nodes on the two sides of a bipartite network. We assume that there is a partition {Cyx}X_,
of [N,], for each r = 1,2. This is our latent community structure. In referring to C.j, we will
use the terms community and cluster interchangeably. We assume the following implicit (true)
one-to-one matching between these communities:

ClkHCQk, kZl,...,K. (1)
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Figure 1: Schematic diagram for the hierarchical generation of node covariates (left) and the overall
graphical representation of the model (right). The label z,; selects which of vg. = (vig, var) for k =
1,..., K we select and the index “r € {1,2}” determines which component of vy, is used to generate
Z;. For example, if z1; = k then the vy, component of v, is used as the mean of x1;, and similarly if
you replace 1 with 2. Here, k and k’ distinguish two different clusters. For example, if z9; = k' then
v9rs will be the mean of x9;, and so on.

To each node ¢ in group r, we assign a community membership variable z,; showing which
community it belongs to:

zZi=k < 1€Cy, Vie[N], r=1,2.

Recalling the identification [K] = {0,1}* N PX, we treat z,; as both an element of [K] and
a binary vector of length K, hence, with some abuse of notation, z,; = k and z.; = 1 are
equivalent. We collect these labels in membership matrices Z, := (z,; : i € [N,]) € {0, 1}V K]
r = 1,2, where each z,;, treated as a binary vector, appears as a row in Z,. We also let
Z = [Zy;Z5) € {0,1}(V1+N2)XK he the matched membership matriz obtained by vertical
concatenation of Z; and Zs.

For each node i in group r, we observe a covariate vector z,; € R%. If we want to specify
the components of this vector we write x,;5,7 = 1,...,d,. Let X = (2,4, 7 € [N,], r = 1,2).
We often think of X as a matrix in RV1+N2)x(dit+d2) 15y hadding covariate vectors with zeros
on the left or right: x1; form rows (z1;,04,) for i € [N1] and z2; form rows (0g,, x2;) for j € [Na].

In addition to the covariate matrix X, we also observe a bipartite network on [N] x [INo]
represented as a bi-adjacency matriz A € {0,1}1*N2 Thus, the observed data is (X, A). We
assume that given the latent community labels Z, X is independent of A. Below, we outline
how each of these components are generated given Z.

2.1. Generating Covariates

To generate z,;, we use a hierarchical mixture model: First we generate the mean vector
vk € R associated with each cluster C,j, and then we draw x,; from a normal distribution
with mean v, when z,; = k; see Figure 1. In order to model the correlation (i.e., a statistical
link) between covariates of matched clusters, we draw the entire vector v,y := (v, 7 = 1,2) =
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(v1k, Vo) from a multivariate normal distribution with possibly nonzero covariance matrix
between the two components vy, vor. We have the following model:

zpi ~ Mult(1,7,),

(07 = 1,2) © N(u, %), k=1,...,K. 2)
(x”‘ ‘ Zri = k’ UTk) ~ N(”Tkao-zjdr)7 (&S [NT‘]7 r= 172

where the draws are independent over r and i € [N,], on each line. Here, m, = (m1,..., 7 K)
is the prior on cluster proportions for group r (7, € [0,1]% with Z,{;l T =1). (62,70 =1,2)
models the variance of measurement noise in the two groups.

The idea behind the covariate generation is as follows: Each covariate x,; is going to to be
determined by v,, that is z1; will have mean vy and zo; will have mean vy, assuming nodes
i and j belong to the same cluster & (a single cluster encompasses both sides of the network,
based on the matching). That is, we break each v,x = (v1k, vor) into two pieces vix and vo
and these two pieces determine the covariates of the two sides, x1; and x5, assuming nodes ¢
and j belong to the same cluster k.

Note that the covariates for two nodes that are in the same cluster on the same side have
the same mean: If z1; = 21; = k then both z1; and x1; have mean vy;. On the other hand the
covariates for two nodes that are in the same cluster but on different sides will have different
means: If z1; = 29; = k, then z1; has mean vy, while zo; as mean vg;. These two mean vectors
however are still related since they are the components of the single vector vi, = (vig, vok)
which is derived from a multivariate Gaussian distribution. That is, v1; and vy are jointly
Gaussian with a potential nonzero cross-covariance matrix.

To make the correlation structure in (v, 7 = 1,2) more explicit, we can partition p =
(tr,7 =1,2) and X, so that

U1k \ ind H1 Y11 Yo
Y : L k=1,.... K.
(U%> [(#2) (Esz Z22)]

Note that u, € R%. In subsection 2.5, we discuss how this model provides a statistical link
between covariates of the two groups. For future reference, v.x := (v, 7 = 1,2) collects the
matched hidden covariate means of the clusters Ci; and Co;. On the other hand, we write
Urs = (Upg, k € [K]) which collects all the hidden covariate means for side r = 1,2 of the
network.

2.2. Generating the Network

Given Z, the bipartite graph is generated as follows: For each node ¢ in [N;] and each node j
in [Ns], we put an edge between them with probability p if they belong to matched clusters,
and with probability g # p otherwise. With A = (A;;) € {0,1}*"2 denoting the resulting
bi-adjacency matrix, we have
Ay 7 % {Ber(p) S el e ) )
Ber(q) z1i # 295

Combined, (2) and (3) describe our full matched bipartite SBM model. The objective is to
find the posterior probability of Z given A and X = {z,; : i € [N,],r = 1,2}.
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Although we will focus on the simple model (3) in deriving the algorithms, it is possible to
allow for a more general edge probability structure as in the usual SBM, by assuming
ind . .
Aij ‘ VRS Ber<\1l21i722j) (S [N1]7 JE [NQ] (4)
where ¥ € [0, 1]5%K is a connectivity (or edge probability) matrix. Model (3) corresponds to

the case where Wy, = p and Uy = ¢q for k # £. We will refer to this model as mbiSBM for
matched bipartite SBM.

Remark 1. Parameter Y in (2) is key in tuning the effect of the node covariates on community
detection. Assume for simplicity that o2 = 0, r = 1,2. Then, when ¥ = 0, v, = u a.s. for
all k, hence z,; = p for all ¢, and the covariates carry no information about communities.
When, ¥ # 0 there is variability in v,; across k, hence community detection benefits from
the covariate information. On the other hand, it is well-known that the information in the
adjacency matrix A about community structure is roughly controlled by the expected degree
of the network, i.e., the scaling of @ = (p,¢q), in addition to the separation of p and ¢q. By
scaling of (p,q) we mean the following: One can take p = a/n and ¢ = b/n; then, how fast a
and b increase as a function of n determines the difficulty of the network community detection
problem. For the case a,b = O(1), the so-called sparse regime, only partial recovery of the
labels is possible (given only the network information), whereas when a,b — oo one can recover
with asymptotically vanishing misclassification error; at higher densities, namely a,b = logn,
it is possible to exactly recover the labels for sufficiently large n. See Abbe (2017) for more
details. Thus, by rescaling ¥ and @ = (p, q), we can control the balance of the two sources of
information (i.e., the network versus node covariate information). This is explored in Section 4
through simulation studies.

2.3. Connection with the Usual SBM

Ignoring the covariate part of the model, one might wonder whether mbiSBM, introduced in (4),
can be thought of as a sub-model of a usual SBM with perhaps increased number of com-
munities. First, it should be clear that the model is not a usual SBM with K communities.
However, it can be thought of as a SBM with 2K communities with restrictions imposed on
both its membership and connectivity matrix. To see this, let us recall the matrix represen-
tation of the usual SBM with K blocks, where one has the connectivity matrix ¥ € [0, 1]5*X
and binary membership matrix Z € {0,1}">*%. Such model can be compactly represented as
E[A|Z] = 2V ZT.

Now, consider model (4), and let Z, = (z,;) € {0,1}V"*K for r = 1,2. We express the

model compactly as
0 A\ [(Z1 0 0 W\ /zT o0
E<AT o> - <o Zg) <‘IIT 0> < 0o zI) (5)

-~

A Z v

given Z1, Z. Letting N := Nj + N and defining the matrices A € {0,1}*N, Z € {0, 1}V 2K
and W € [0,1]2K%2K a5 in (5), it is clear that model (4) is equivalent to E[A|Z] = ZUZT. This
is a SBM with restrictions on both Z and ¥: Nodes 1,..., N1 can only belong to communities
1,..., K and nodes N1 +1,..., Ny + Ns can only belong to communities K +1,...,2K. As for
\T/, the restriction imposes zero connectivity among communities 1, ..., K and among those of
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K+1,...,2K. With these restrictions in place, we have a natural bipartite matching between
communities: ¢ <> K + ¢ for ¢ € [K].

2.4. Degree-corrected Version

A limitation of the SBM is that nodes in the same community have the same expected de-
gree. To allow for degree heterogeneity within communities, bringing the model closer to real
networks, a common approach is to use the DC-SBM (Dasgupta et al., 2004; Karrer and New-
man, 2011). It is fairly straightforward to introduce degree-correction in our setup. Consider
the form of the matched SBM introduced in (4). To each node ¢ in group r, we associate a
propensity parameter 6,; > 0. Thus, we have additional parameters 6, := (0,;, i € [N,]) for
r = 1,2. The degree-corrected (DC) version of the model replaces (4) with

Aij | Z 2 Poi(010;V ., .,,) i € [N1], 5 € [Na). (6)
Replacing the Bernoulli with Poisson is for convenience in later derivations, and is common in
dealing with DC-SBM (Karrer and Newman, 2011). In order for the parameters (61,62, V) to
be identifiable, we need to agree on a normalization of 8,; per each community. Here, we adopt
the following:

N,

1 s

|Ck‘ E Ori =1 <— E (Gri—l)zmkzo, k € [K}, r=1,2. (7)
TR e Crp i=1

With this normalization, we recover the original model when 6,.; = 1 for all ¢ and r. Our
normalization is similar to the one considered in Gao et al. (2016).

Remark 2. A normalization of the form (7) is often assumed when one considers both
0 = (01,02) and Z to be deterministic unknown parameters, or alternatively when working
conditioned on 6 and Z. Throughout, we assume 6 to be an unknown parameter. However, to
be pedantic, (7) is inconsistent with i.i.d. random generation of z,; from a Mult(1, ) as in (2).
One way to get around this is to assume that the labels are generated a priori from the product
multinomial distribution described in (2) conditioned on the set of labels satisfying (7). We
will ignore the change in the label prior this conditioning makes in deriving the algorithms.
In the end, we enforce (7) in an “averaged” sense, replacing z,;; with the corresponding (ap-
proximate) posterior 7., as detailed in subsection A.3. Viewed as a set of constraints on the
collection of soft-labels (7,4x), (7) is not that restrictive.

2.5. Covariate Correlation on Matched Clusters

One desirable feature in modeling covariates, in the context of a matched bipartite network,
is the ability to gain some information about whether a pair (i,j) € [N1] x [IN2] belongs to
a matched cluster, by just looking at their respective covariates x1; and xa;. Assume for the
moment that there is no measurement noise, i.e., 02 = 0, » = 1,2. Then, the question boils
down to whether we can tell (vyg,vor) for k # k' apart from (vig,ver). According to the
model, (v1g, vor) and (v, voxs) are independent Gaussian vectors, hence (v1g, vok, V1, Vo) is
Gaussian with mean (u, 1) = (pi1, pi2, p1, p2) and covariance (§ ). Recalling the decomposition
of X, it follows that (vig, vor) ~ N (1, (251 222 )) for k # k' whereas (vig, vor) ~ N(u, (g; g;z ).
As long as 319 # 0, these two distributions are different, hence the model is able to distinguish
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Figure 2: Possible relations between communities of the two sides, in a bipartite network. (a) and (b)
are hard to interpret. Structures like (c), i.e., collections of disjoint stars, are interpretable and (d) is
the simplest within this class.
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between the two cases. In other words, there is information in the covariates about the matching
of the clusters in the two groups. However, this information (in itself) is quite weak since it
amounts to distinguishing between two multivariate Gaussian distributions, based only on a
single draw from each. Fortunately, the model also carries information about the matching in
the adjacency matrix A.

2.6. Interpretability and Identifiability

We alluded earlier to the merits of having a 1-1 matching between the communities of the
two sides built into the model. Our main argument for the advantage of a 1-1 matching is
interpretability. Figure 2 shows some possible relations that could exist between communities
of the two side (each circle represents a community). The closer this relation is to a complete
bipartite graph, the harder it is to interpret; Figure 2(a) is perhaps the least informative
relation among the four. In Figure (b), the relation is much sparser. However, it is still hard
to interpret: all communities seem to be related, albeit indirectly. We would like to argue that
structures like (c) where the graph is a collection of disjoint stars is interpretable. One would
like to fit such models, though in full generality, this seems to be a difficult task. One has
to somehow control the branching numbers of the stars, which indirectly control the number
of communities on either side. Thus, the problem is at least as hard as deciding the number
of communities in the usual SBM. Our 1-1 matching relation, Figure 2(d), is the simplest
structure of the type depicted in (c). It is in a sense a first-order approximation of the models
in this class. It is easiest to fit and is the most interpretable.

3. Model Fitting

In order to fit the model, we derive algorithms based on variational inference ideas. The
algorithm starts from some initial guess of the labels and parameters and proceeds to improve
the likelihood via simple iterative updates to the parameters and an approximate posterior
on the labels. We first discuss the case with no degree correction. The extension to the
degree-corrected model is discussed in subsection A.3.

10



MATCHED BIPARTITE BLOCK MODEL WITH COVARIATES

3.1. The Likelihood

Let us introduce some notation. We write vy, = (vpg, 7 = 1,2) € R1F9% and v, = (v, k €
[K]) € RE® and V = (v, 7 = 1,2, k € [K]) € RE(i+d2) Similarly, Z = (2,4, € [N,], 7 =
1,2) and X = (x4, 7 € [N;], » = 1,2). (In this section, the particular matrix form of Z
and X are not of interest. Z and X are simply placeholders for the collections of labels and
covariates.) Let

The joint distribution of all the variables in the model factorizes as follows:

p(A, X, Z,V) = p(A|Z) p(X|Z, V) p(Z) p(V)

N1 N» 2 N,
= H Hp(Aij|Zli7 ZQj) H H {p(xri|zri7 Ur* Zrz } H P U*kz
i=1j=1 r=11i=1

We have p(z,i|zri, Ups) = Hle[fr(mri;vrk)]zrik where f,(2,i;01) = N(2pi; V08, 0215.). In
addition, p(z,) = Hle 2%, For the network part, we in general have

01(P) =:logp(AlZ) = Z Z z1ik22je 9(Vkes Aij) (8)
ij

where g is either the log-likelihood of the Bernoulli, gpe(p, ) = alog 12— 5+ log(1 — p), o

Poisson, gpei(p, o) = aclogp — p.
In the special planted partition case, logp(A|Z) greatly simplifies: By breaking up over
k =/{ and k # £, we obtain

6(V) =logp(A|Z) = Z [Z 21ikz5k 9(P, Aij) + Z 21ik225e 9(4s Aij)}
ij  k ke
= Zyijg(p, Aig) + (1 = vij)9(q; Aij)- (9)

where we have used ), , z1,x22j¢ = 1. The complete log-likehood of the model, i.e., assuming
we observe the latent variables (Z, V), is then

e(:uv Ev o,T, \IJ) = gl(qj) + 52(,&7 27 g, 7T)

where ¢1(¥) is as defined in (8) and

2 N,

E H’E a, 7T Zzzzmklog Trk fr x’r‘lav'l‘k +Zlogp U*k|:“’7 )

r=11i=1

3.2. Mean-Field Approximation

Variational inference is often regarded as the approximation of a posterior distribution by
solving an optimization problem (Wainwright and Jordan, 2008; Blei et al., 2017). The idea is
to pick an approximation ¢ from some tractable family of distributions over the latent variables
(Z,V) and try to make this approximation as close as possible in KL divergence to the true

11
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posterior. We prefer to think of the approach as a generalization of the EM algorithm, i.e., a
general approach to maximize the incomplete likelihood by maximizing a lower bound on it.
This lower bound, which we call variational likelihood, also known as the evidence lower bound
(ELBO) (Jordan et al., 1999), involves both the likelihood parameters and a distribution g,
namely,

J =E,[l(p, X, 0,m, V) —logq(Z,V)]. (10)

Here the expectation is taken, assuming (Z, V) ~ ¢. One maximizes J by alternating between
maximizing over likelihood parameters (u, 3, o, m, ¥) and the variational posterior . Without
additional constraints, the optimization over ¢ leads to the posterior distribution of (Z, V') given
(X, A), resulting in the EM algorithm. A genuine variational inference procedure, however,
imposes some simplifying constraints on ¢. In particular, we impose the following factorized
form, often referred to as the mean-field approximation:

0(2,V)=qv(V)az(Z), az(Z) =T1,;@i(zri),  av(V) = TTrey N (vaki fik, ) (11)
where ¢(2ri) = kK 1 f[,;’“ is a multinomial distribution. In keeping up with our notation we
write 7; = (Tr%, k € [K]). Note that 7 = (7,4) collects the approximate posteriors on node
labels. They are the key parameters in our inference.

The particular form assumed for ¢y in (11) is motivated by looking at the (true) posterior
of V given Z. We could have assumed a factorized form ¢(Z, V) = qz(Z)p(V|Z) where p(V|Z)
is the the true posterior of V' given Z. However, the parameters of p(V|Z) have a complicated
dependence on Z. We have kept the form of p(V'|Z) while freeing the parameters, letting them
be optimized by the algorithm.

To simplify notation, let us define [:= ((ik, br),k =1,..., K), collecting the parameters
for the variational posterior ¢qy. Plugging in the variational distribution (11) into the variational
likelihood (10) using expression (9) for ¢1 (), after some algebra detailed in Appendix B.2, we
get

J = Z {%‘j(T)g(p; Aij) + (1 —745(7))g(q; Asj } + ZT”’“ ﬁmk(f‘ o ) + log ]

T
r,i,k rik

12)
1 K . 1 _ (
-5 Er d. N, log o? — 5 {log |Z| + tx[S71S(T, w)]} + 3 Ek log [X| + const.

where

'Yij( ) = qu yzy Zlek7—2]k7 Bmk(r g ) =

1 = ~
53 [tI‘ ((Zk)rr) + ”er - Mrk”2 ) (13)
k=1 "

20

(ik)w, r = 1,2 refers to the two diagonal blocks of Y of sizes d, x d,, and

K
Z S+ (e — ) (e — )" (14)
k:

12



MATCHED BIPARTITE BLOCK MODEL WITH COVARIATES

3.3. Optimizing the Variational Likelihood

We proceed to maximize J by alternating between the likelihood parameters (u, %, o, 7, V)
and variational parameters (7, r ). Each of these two sets of parameters is also optimized
by alternating maximization. In other words, the overall optimization algorithm is a block
coordinate ascent. The key update is that of label distributions 7, which we describe in details
below. The other updates are more or less standard and detailed in Appendix B.4.

Updating node labels (7). To optimize 7, we use block coordinate ascent, by fixing
Ty := (m25,j € [N2]) and optimizing over 71 := (715,j € [N1]) and vice versa. Here we only
consider optimization over 71 given 75. To simplify notation, let h(p, q; @) := g(p; ) — g(q; @).
Considering only the terms in J that depend on 7, we have

Trk
Trik

J = Z%J‘(T) h(p, q; Aij) + Z Trik [ﬁrik(f, 02) + log ] -+ const.
ij

ri,k

where const. collects terms that do not depend on 7. Let &1 := Brik (f, 02) + log ;. Using
the deﬁnition Of rYij (’7’) = Zle TlikTij;

J=> (mej'k) h(p, @; Aij) + Y Trik [§rik — 108 Trik] + const.
ik ryik
Now, assume further that 7 is constant. Then,
T=>" 1 ( > 7o h(p, ¢; Aij)) + ) 71k [€rik — log Tiik] + const.
ik j ik

=> > i < > 7ok h(p, ¢; Aij) + &rix — log Tlik) + const. (15)
ik j

where const. includes terms also dependent on 7o, but not on 7. The cost function above
is separable over ¢, and for each 7 we have an instance of the problem given in the following
lemma. Recall that Pk is the set of probability vectors in R,

Lemma 1. For any nonnegative vector (a1,...,ax), let fo : Pk — R be defined by f,(p) :=
Zszl pr(ar —logpy). Then the mazimizer of f, over Pr is given by the softmax operation:

etk

argmax f,(p) = softmax(a) :

= . 16
PEPy Zf e ( )

We write the solution of Lemma 1 simply as pi o €* where x; means proportional as a
function of k. Then, 7 update is T;; X exp [Z] Toik (D, q; Aij) + £1ik], or after unpacking
E1iks

Tiik Ok WlkeXp[ZT2jkh<paQ§Aij)+Blik(f702)} i=1,..., M. (17)
J

The update for 7 is similar.

13
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Updating Y and 1. Let us define 7 := ZZN:’l Trik and D,;l := diag (ﬁ%[dl, %’“Idz) Then,
91 92

as a function of f], J can be written as (see Appendix B.3)
~ 1 o e ~
J(2) = -3 Zk:tr (D + 2715, — log [k (18)

This is separable over k, with each term being the likelihood of a multivariate Gaussian with
covariance parameter. The maximizers are then simply %, = (D,;1 + X H7 for k € [K].

To derive the updates for i, let Z,x := vazq TrikTri and g = Tk /Trk. Then, as a function
of 1, J can be written as (see Appendix B.3):

1

J() = —5 > (e = me) T (D + 271 (i — ma) (19)
k

where my = (D' + X7 ~Y(D; i, + S71p). It is clear that the optimal value of fiy is equal
to my, which using the optimal value of X, can be written as i = Ek(Dglﬂk + X7,

Updating %, 1 and 0%, As a function of ¥, we have J(X) = —& [log S| + tr(E_lS(f))]
which is the standard Gaussian likelihood, giving the optimal value ¥ = S (f, w). Similarly,
as a function of y, J(p) = =5 [tr(Z71S(D))] = —5 3, [k — ) TS (i — p)] giving the
optimal solution 1 = % >, fix. The update for 02 = (0%, 03) can be easily obtained too (see

Appendix B.4)

2 _
o, =

Nld [Zm tr (Zn)rr) + Zm‘kl!xm - ﬁmHQ}, r=1,2. (20)
rlr L >

Updating m and ¥ = (p,q). Updating these parameters is standard (See Appendix B.4):

_ 2y (1) Ay . > (1= i5(7)) Ay
Zij Yii(T) Zij (1 - ’Yij(T))

WT:—(TT17.."TTK), 7’:172,

Zk Trk

(21)

3.4. Extensions

Various extensions and improvements of the basic algorithm discussed in Section 3.3 are pre-
sented in Appendix A. A detailed derivation of an algorithm for fitting the degree-corrected
model is given in Appendix A.3. The algorithm employs a novel application of the Douglas—
Rachford splitting algorithm for optimization over the degree inhomogeneity parameter . We
also provide in Appendix A.2 an extension of the algorithm to the general matched SBM
model (4). Improvement to the speed for the basic algorithm of Section 3.3 is discussed in Ap-
pendix A.1.1 as well as the possibility of adding a diagonal restriction on covariate covariance
matrices (Appendix A.1.2).

Overall the algorithm has 16 variations based on four options: (1) Poisson versus binomial
likelihood, (2) planted partition versus general edge probability matrix, (3) full versus diagonal
covariances, (4) with or without degree correction. In the following we will focus on the follow-
ing defaults for the first three options: A Poisson likelihood with planted partition connectivity
and full covariances.

14
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Algorithm 1 Variational block coordinate ascent for fitting mbiSBM

1: Initialize 7, using biSC, and 6, = 1y, for r = 1,2. Pick tolerance € € (0, 1].
2: Initialize 3, ¥ with Iy, q, and p, fix with 0, for k € [K], and 02 = 1 for r = 1,2.
3: while not CONVERGED, nor maximum iterations reached do

4: Update (p, q) using (26) and 7,,r = 1,2 using (21).

5 Update (¢o, ¢1) < (¢ — p, log(p/q)).

6 if DC-version then

7 Update 6, by repeating (36) till convergence.
8 end if

9 Update §,,r = 1,2 using (13).

10: oM rr=1,2.

11: Update 71 by repeating (34) till convergence.

12: Update 75 by repeating (34), with subscripts 1 and 2 switched and A replaced with A7,
till convergence.

13: Update the following for for » = 1,2 and k € [K]: > Update parameters
14: Trk < vazrl Trik, and Dk_l < diag (flkfdl/d%,fgkIdQ/O'g),

_ N, _ o
15: Tk <= D ;) TrikTri, a0 flpg <= Tyi/Trk-

16:  Update 3 « (D' + 2711 and iy, < Sy (D g + 271 p).

17: Update p < 4 > fir, and T« + Zszl [f)k + (1 — ) (. — ).

18: Update 02,7 = 1,2 using (27).

19:  CONVERGED < [max{d1,d2} < ¢/K|, where 6, := |1, — 7910, 7 = 1,2
20: end while

3.5. Summary of the Algorithms

Algorithm 1 summarizes the updates for fitting the proposed matched bipartite SBM model,
to which we refer as mbiSBM. We have stated the general form of the algorithm with degree
correction (DC) and covariates. Note for example that if no degree-correction is desired, 6,
remains equal to 1y, and the iterations (34) in steps 11 and 12, for updating the label distri-
butions (7,.), automatically reduce to the simple update (25) (that is, the iterations converge in
one step.). There are other variations available. For example, if desired, step 5 can be replaced
with (¢o, ¢1) < (log %Z, log 5 8:;;) to use values based on a Bernoulli likelihood instead of a
Poisson. Empirically, we have not found much difference between the two. With minor mod-
ifications, the algorithm can be used when only one side has covariates or without covariates
for either side. The code is available on Github (Razaee et al.).

3.5.1. INITIALIZATION OF THE ALGORITHMS

It is known that variational inference is sensitive to initialization (Blei et al., 2017). The main
component of the algorithm that needs careful initialization is the matrix of (approximate)
posterior node labels 7 = [71; 2]. We propose to initialize 7 using a bipartite spectral clustering
algorithm, biSC for short, which is a variant of the approach of Dhillon (2001). The difference
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Algorithm 2 Bipartite Spectral Clustering (biSC)

1: Input: bi-adjacency matrix A € {0, 1}V1xNz,

2: Let Dy = diag(zj Aij,’i =1,..., Nl) and Dy = dlag(zl Aij7.j =1,... ,NQ).

3. Form L= Dy /2AD; /2,

4: Let L = USVT be the SVD of L truncated to K largest singular values (U € RN1*K and
V € RN2xEK),

5: Normalize each row of U and V to unit #» norm to get U and ‘N/, resp., then form

DU

7= Y
Dy '*v

6: Run k-means with K clusters on the rows of Z.

between our version and that of Dhillon (2001) is that Dhillon (2001) does not normalize the
rows of the singular vectors and keeps top [log, K| singular vectors, as opposed to K. We have
found that row normalization greatly improves the performance, and it is fairly standard in
usual (non-bipartite) Laplacian-based spectral clustering. Algorithm 2 summarizes our version.

In simulation studies, we also consider a couple of competing initializations. One interesting
choice is to use the usual Laplacian-based spectral clustering, which is oblivious to the bipartite
nature of the problem. For this choice, we use the regularized version described in Amini et al.
(2013) as SCP. Note that SCP will be applied to the (symmetric) adjacency matrix A; see (5).
It is also possible to regularize biSC using similar ideas, though surprisingly, we found the
simple unregularized version of biSC is quite robust, and we have used this simple version
when reporting results.

When working with simulated data, since we have access to the true labels, we will also
consider a perturbed version of truth as an initialization. Specifically, we generate from a
mixture of the true label distribution and Dirichlet noise, i.e. 7,; = wzy; + (1 — w)e,; where
eri ~ Dir(.5b1g). Here, we treat z,;, the true label of node i in group r, as a distribution
on the K labels. Parameter w € [0,1] measures the degree of initial perturbation towards
noise. For example, with w = 0.1, about 10% of the initial labels are correct. We will refer
to this initialization as ~rnd, for approximately random. This initialization will act as a
proxy for a “good enough” initialization and allows us to study the behavior of our variational
inference procedure decoupled from specific initializations produced by spectral clustering (or
other methods).

Let us say a few words about the initialization of other parameters. The algorithm is
moderately sensitive to the initialization of p, ¢ and 7., = 1,2. When the quality of the
initial labels (71 and 72) is good, one can initialize these parameters, based on (7;), by running
the corresponding updates first, as is done in Algorithm 1, lines 4-5. This is the form we
suggest in practice when using the biSC initialization, and is used in the real data application
(Section 5). However, when the quality of the initial labels is not good, for example, when using
SCP in the simulations, p and ¢ obtained based on initial (7;.) can become quite close leading to
numerical instability. We have found in those cases that initializing these parameters with fixed
values, say (p,q) = (0.1,0.01) and 7, set to uniform distribution of [K], greatly improves the
stability of the algorithm. (This is since even one iteration of the algorithm could significantly
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improve upon initial labels.) This fixed initialization of (p, ¢, ), independent of 7, is what
we have used in Monte Carlo simulations on synthetic data, when comparing different label
initializations (Section 4).

4. Simulations

In this section, we show that effectiveness of our proposed algorithm in recovering the true
labels in synthetic bipartite networks. For the most part, we generate data from our proposed
model (2)—(3). In the plots investigating the degree-corrected version of the algorithm, we
generate from the degree-corrected version of the network described in subsection 2.4.

4.1. Data generation

Key parameters regarding covariate generation in (2) are (u, %) for generating v,;. We take
pw =0 and ¥ = vij 4, throughout. Varying v (or dimensions d,) changes the information
provided by the covariates (Appendix E). Larger v causes v, to be further apart, hence
covariates are more informative. v = 0 corresponds to zero covariate information. We also fix
covariate noise levels at o, = 0.5 for » = 1, 2, and the network size at N = (N1, N2) = (200, 800).

Key parameters regarding network generation in (3) are p and q. We reparametrize our
planted partition model in terms of expected average degree

2N1N2
22
N1+N +(—q Zﬂlkﬂzk (22)

(see Appendix D) and the out-in-ratio o = ¢/p € [0,1). Estimation becomes harder when
A decreases (few edges) or when « increases (communities are not well separated). We fix
a =1/7 and vary A in the subsequent simulations.

When generating from the degree-corrected version, we draw (6;,i € C,j) from a Pareto
(i.e., power-law) distribution, for each k¥ € [K] and r = 1,2. Real networks are frequently
reported to have power-law degree distributions Barabési and Albert (1999). The Pareto(a, R)
in general has density § — (aR*)0~%"11{0 > a}, with mean aR/(a — 1) for a > 1 and variance
R%a/[(a — 1)*(a — 2)] for a > 2. Since |Cpg|7! > icc,, i will be approximately equal to the
mean of the Pareto, and we want this average to be 1, we have to choose R = (a—1)/a, that is,
we generate 6; S Pareto(a, (a — 1)/a) for ¢ € C,j. (To comply with our model specification, we
further normalize 0; for their within-community averages to be exactly one; this will have little
effect since the average is already close to 1.) The variance in this case is [a(a — 2)]~! which
is decreasing in a over (2,00). In order to get maximum degree heterogeneity (i.e., the worse
case in terms of the difficulty of fitting), we take a = 2, corresponding to infinite variance.
We note that expression (22) remains valid for the degree-corrected case without modification,
assuming normalization (7); see Appendix D.

4.2. Matched NMI for evaluation

In general, we measure the accuracy of the algorithms by the normalized mutual information
(NMI) between the inferred and correct communities which is defined as the mutual infor-
mation of the (empirical) joint distribution of the two label assignments divided by the joint
entropy (Malvestuto, 1986). NMI has a maximum value of 1 for perfect agreement and a min-
imum of 0 for no agreement. One could measure NMI individually between Z, € {0, 1}V-*&
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Figure 3: Typical output of the algorithm. Top row: bi-adjacency matrix. Bottom row: (a) Con-
catenated covariate matrix [X;; Xs]. (b) Concatenated true labels [Z1; Zs]. (c) Initial labels for the
algorithm, Dirichlet-perturbed truth 0.1[Z;; Z3] + 0.9 Dir(0.51k). (d) Concatenated output of the algo-
rithm [71; 72].

(the true label matrix) and 7, € [0, 1]V ¥ (the estimated soft-label matrix) for each r = 1,2.
However, one can also measure a matched NMI by concatenating the labels of two sides ver-
tically, i.e., forming [Z1; Z2] and [11; 2] and measuring a single NMI between the resulting
(N1 + N2) x K matrices. Some thought should convince the reader that this the natural way
to also measure the effectiveness of the matching between the communities of the two sides:
We have a matched NMI of 1, if the true and estimated clusters on each side are in perfect
agreement, and the matching between them is perfectly recovered.

4.3. Typical output

Figure 3 shows the typical output of the algorithm on the data generated from the model
without degree correction (DC), i.e., a = oo. Here the empirical average degree is A= 3.1,
K =5,v=10 and d = (2,2), the dimensions of the covariates. Concatenated matrices of the
true labels and the initial and final labels are shown. Vertical concatenation is used as discussed
earlier, giving matrices of dimension (N7 + N3) x K. Initial labels are the Dirichlet-perturbed
truth with p = 0.1, i.e. 90% noise, as discussed in Section 3.5.1. It is interesting to note that
the output of the algorithm has recovered the communities with a nontrivial permutation of
the community labels.

In other words, the perturbation of the initial labels is high enough that the convergence of
the algorithm cannot simply be explained by a local perturbation analysis: the algorithm has
not converged to the original labels, but to a perfectly valid permuted version of the original
labels. That is, 7 = Z,Q, for r = 1,2 where 1 and Q)2 are K x K permutation matrices. The
matched NMI and misclassification rate for the algorithm are 0.98 and 0.30% in this case. If
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Figure 4: Effect of different initialization methods on mbiSBM with (left) v = 0 and (right) » = 10. The
case v = 0 corresponds to no covariate information whereas v > 0 gives some covariates information.

one runs k-means on the concatenated matrix of covariates [X1; Xs], disregarding the network
information, one gets matched NMI and misclassification rate, 0.44 and 38.50%. That is, the
covariates themselves are not as informative alone as in combination with the network.

4.4. Average behavior

Figure 4 shows the mathched NMI versus average expected degree A for various methods. The
results are averaged over 50 Monte Carlo replications. Naive (regularized) spectral clustering,
denoted as SCP, is shown in addition to biSC as discussed in Section 3.5.1. Moreover, the
plots show our algorithm mbiSBM, initialized with both spectral methods and with Dirichlet-
perturbed truth (p = 0.1) denoted as ~rnd. The two plots correspond to the case with no
covariate information, v = 0, and the case with covariate information v = 10. In both cases,
covariate dimensions are d = (2, 2), number of communities K = 10 and out-in-ratio is « = 1/7.
There is no degree-correction in the model or mbiSBM algorithm.

As can be seen, biSC outperforms SCP significantly. Without covariates, mbiSBM started
with biSC slightly improves upon biSC; initializing with ~ 10% truth (mbiSBM (~rnd)) has
similar performance for sufficiently large A\, showing that mbiSBM behaves well with any suf-
ficiently good initialization. Note also that mbiSBM initialized with SCP, improves upon SCP
for large A\. With covariate information (v = 10), mbiSBM significantly outperforms biSC which
does not incorporate the covariates.

4.5. Effect of degree correction

Figure 5 investigates the effect of employing degree-correction in the algorithm. In both plots of
the figure, we are generating from the same DC-version of the model using within-community
Pareto degree distribution with parameter a = 2 as described earlier, d = (2,2), K = 10,
a =1/7,and v = 2. The difference between the two plots is how we initialize mbiSBM algorithm.
The left panel corresponds to “Dirichlet-perturbed truth” initialization (p = 0.1) denoted as
~rnd, whereas the right panel corresponds to completely random initialization, denoted as rnd.
Four versions of the algorithm are considered, with or without covariate (X) incorporation,
and with or without degree-correction (DC).
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Figure 5: Effect of the degree correction steps 6-8 in the algorithm, for a power-law network. Data is
generated from DC version of the model (subsection 2.4) with Pareto distribution p(f) oc 72, 6 > 2
for degree parameters within each community. (Left) shows the results for a good initialization, the
Dirichlet perturbed truth, denoted as ~rnd (with &~ 10% true labels) and the (right) shows the results
for a completely random initialization, denoted as rnd.
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Figure 6: Effect of degree correction steps on variability, for a power-law network.

Surprisingly, as the left panel shows, with sufficiently good initialization (~rnd), degree-
correction step of the algorithm provides only a slight improvement. However, the improvement
of degree-correction is quite significant when starting from a poor initialization (rnd). In
general, it is advisable to use the DC version since its solution has less variance. Figure 6,
illustrates the algorithm with DC correction and without, in the same setup of the left panel of
Figure 5, that is, both cases initialized with ~rnd (and both incorporating covariates). Though
Figure 5(a) shows that mean behaviors are close, Figure 6 shows that the distributions of the
outputs are quite different, with the solution of DC version having less variability. This is

expected as the DC version is solving an optimization problem with much restricted feasible
region.
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Figure 7: Scaling behavior. Both the average NMI (top) and the mean execution time (time) are shown

as a function of the number of clusters per community for three-community (K = 3) networks. The

two columns show two block models generated according to model (23): (Left) B(()l) and (Right) B(()Q)

as defined in (24).

4.6. Scaling behavior

Figure 7 illustrates how the algorithm scales to large networks compared to the spectral ap-
proach. The simulation setup for this figure is as follows: We consider a base connectivity
matrix By € Rf *K and let the edge probability matrix be

log(IN; N:
B 8NN b KL Na = 0750 K] (23)

VN1 Ny
where ng is the number of nodes per community; that is, we assume that communities of both
sides are balanced and each contains ng nodes. We then let ng vary from 100 to 35000, while
K = 3 is fixed, to study the large-scale behavior of the network. This simulation setup has
recently been considered in Zhou and Amini (2018) and is suitable for studying the semi-sparse
asymptotic regime. Note that the average degree of the network will be ~ log(ng) as ng — oo
resulting in fairly sparse large networks. We consider two versions of By, corresponding to the
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Figure 8: Boxplot of the NMI corresponding to Figure 7.

two columns in Figure 7:

2 1 1 L2 o3
BV =211 2 1], 352)25321. (24)
11 2 2 1 3

Note that Bél) gives a planted partition model whereas Béz) corresponds to the more general

class of SBM given by (4), i.e., it contains both assortative and dissortative relations. We also
note that for BSQ), the within-community connectivities are variable (i.e., BSQ) has unequal
diagonal elements). Both models are quite hard as the so-called out-in-ratio is quite high; in
the planted partition case B(()l)7 for which the ratio directly characterizes hardness, we have
q/p = 0.5. The covariates are generated similar to Section 4.4 with v = 10 and d = (5,5). The
results are averaged over 50 replications.

The hardness of the two problems are reflected in the NMI plots of Figure 7 where the spec-
tral method (spectral) is barely above the random assignment. In addition to the spectral
method, three versions of mbiSBM have been shown: (1) Algorithm 1 with spectral initialization,
mbiSBM (spectral), (2) Algorithm 1 with random initialization, mbiSBM (rnd), (3) modifica-
tion of Algorithm 1 to allow for a general connectivity matrix (Section A.2), with random
initialization, mbiSBM (gen) (rnd).

All the three versions perform reasonably and comparably except for the mbiSBM with
spectral initialization which significantly outperforms other versions on the planted partition

model B(()l). It is also worth nothing that the performance of mbiSBM with general connectivity
matrix is not much better than the planted partition version (i.e., the default Algorithm 1),
even on B(()Q) which is far from satisfying the simplifying planted partition assumption. We
note that the spectral approach alone performs very poorly in both cases. (We also experi-
mented with moderate perturbations for the spectral approach which did not result in notice-
able improvement.) Figure 8 shows the box plots corresponding to the NMI plots in Figure 7,
illustrating the variability of the results. It is worth noting that for planted partition model,
mbiSBM (spectral) achieves a NMI of 1 for most replications.

The bottom row in Figure 7 illustrates the average run time of the algorithms. For
mbiSBM (spectral) only the overhead relative the spectral initialization is considered. It
is clear the family of mbiSBM algorithms are about an order of magnitude faster than the
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spectral approach. We conclude that when the signal is high, mbiSBM with random initial-
ization is outperforms in both speed and accuracy. When the signal is low, we can initialize
with the spectral approach and then boost the performance by computationally cheap mbiSBM
iterations.

5. Application to Real Data
5.1. Wikipedia networks

We have applied the algorithm to two wikipedia page—user networks, which we will call TOPAR-
TICLES and CITIES. Each is a bipartite network between a collection of Wikipedia pages and
the users who edited them: An edge is placed between a user and a page if the user has edited
that page (at least once). In the TOPARTICLES, the pages are selected from the top articles
(based on monthly contributions) from Chinese (CN), Korean (KR) and Japanese (JP) lan-
guage Wikipedia, corresponding to the period from January to October 2016. In the CITIES
network, the pages correspond to city names in English language Wikipedia; the cities were
chosen from five countries: Unites States (US), United Kingdom (GB), Australia (AU), India
(IN), Japan (JP). In both cases, on the user side, only those with IP addresses were retained.
Although, not perfect, IP addresses were the only means by which we could obtain additional
information about each user, esp. geo-location data. Wikipedia usage statistics were scraped
from Wikimedia Statistics using code inspired by Keegan (2014). For geo-data we used both
the ggmap R package by Kahle and Wickham (2013) and the API provided by ipapi.

In TOPARTICLES, the true labels are the language assigned to each page and each user, that
is, matched communities are specified by common language. The user language was assigned
based on the dominant language of the country from which the IP address originates. In
CITIES network, the true labels are the country names assigned to each user based on user’s IP
address and assigned to each city page based on its geo-location tag. The IPs were also used to
obtain latitude and longitude coordinates on each user, providing us with user covariate matrix
X, € RNQXZ,

For ToPARTICLES, we do not have any page covariate. For CITIES, we use the geo-location
data of the city (latitude and longitude) to give us the page covariate matrix X; € RN1*2,

Figure 9 shows the two networks along with the true communities. Note that CITIES is
specially hard to cluster based only on network data due to the presence of nodes of different
communities among each community (as positioned by the layout algorithm). Tables 1 and 2
show the break-down of pages/users based on community for the two networks. Also shown are
the average degrees of each side of the network, as well as the overall average degree. For each
of the two networks, we first obtained a 2-core, restricted to the giant component, then removed
users from countries not under consideration. (If the last step created disjoint components we
restricted again to the giant component. This only happened for CITIES and only removed 5
nodes.)

Results on Wikipedia networks. Table 3 illustrates the result of the application of biSC,
and the mbiSBM (biSC) algorithm with various combination of covariates. In all cases the
degree-corrected (DC) version of mbiSBM is used. For TOPARTICLES, without using covariates,
there is no improvement on biSC while using X5 gives significant boost to mbiSBM. For CITIES,
biSC outperforms mbiSBM with no covariates. One the other hand, adding X» or both X; and
Xy significantly improves the result of mbiSBM.
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CN JP KR | Total | Avg. deg. Covariates

Pages 139 143 171 | 453 14.2 N/A

Users 579 695 828 | 2102 3.1 X2 = user (lat.,lon.)

Total 718 838 999 | 2555 5

Table 1: TOPARTICLES page—user network
UsS IN AU JP GB | Total | Avg. deg. Covariates

Pages 267 235 182 113 59 | 856 10.2 X, = city (lat.,lon.)
Users 1054 1029 705 101 201 | 3090 2.8 Xo = user (lat.,lon.)
Total 1321 1264 887 214 260 | 3946 4.4

Table 2: CITIES page—user network

To get a more refined understanding of the relative standing of biSC and mbiSBM (biSC),
we have run two Monte Carlo analyses based on these real networks, one using subsampling
and the other by adding Erdés—Rényi noise. Figure 10 shows the results when we subsample
the network to retain a fraction of the nodes on each side (from 95% down to 10%). The
x-axis shows the resulting overall average degree of the network at each subsampling level. The
results are averaged over 50 replications and the interquartile range (IQR) is also shown as a
measure of variability. The figures in Table 3 correspond to the rightmost point of these plots.
(Average degrees of CITIES vary in these ranges: overall € [0.4,4.2], page € [1,9.7] and user
€ [0.3,2.7], whereas for TOPARTICLES the ranges are: overall € [0.6,4.9], page € [1.6,13.8] and
user € [0.3,3].)

The plots show that mbiSBM (biSC) with covariates outperforms biSC, and the improvement
is quite significant the sparser the network becomes. Note for example that in CITIES adding X3
does not have much effect in the original network, however, there is a considerable improvement
when average degree starts to drop under subsampling. In the CITIES case, the two covariates
X1 and X» together are quite strong leading to an NMI = 1 and masking the effect of the
network to some extent.

However, by looking at cases where only one of X; and X is present, we observe that
mbiSBM (biSC) manges to pass the covariate information via the network to the side without
covariates, thus improving matched NMI significantly. To see this, consider for example the
TOPARTICLES, where only X is present. In this case, even if a method could cluster Xs
perfectly and, in the absence of network information randomly guessed the labels of the other
side, the NMI would be 0.42. That in Figure 10(b), the NMI starts at 0.98 and remains much

Network biSC mbiSBM (biSC), DC
X1& X X1 X9 noX
ToPARTICLES 0.86 - - 0.98 0.86
CITIES 0.6 1.0 0.59 0.85 0.47

Table 3: Matched NMI for biSC and mbiSBM on the two Wikipedia networks.
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Figure 9: The two Wikipedia networks: (left) CITIES (right) TOPARTICLES. Nodes are colored according
to true communities. Pages are denoted with squares and users with circles. Node sizes are proportional
to log-degrees.
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Figure 10: Effect of subsampling on Wikipedia networks: (left) CITIES (right) TOPARTICLES.

above 0.42 for most of the range of subsampling illustrates the ability of mbiSBM to effectively
utilize both covariate and network information to correctly infer the labels of the other side.
The same can be observed in the case of CITIES. Finally, we note that without covariates, biSC
usually performs better. We expect this since it is hard for local methods starting from biSC
to improve upon it. The strength comes when we use the covariate information.

Figure 11 shows another experiment where we added Erdés—Rényi noise of average degree
from 0 to 10. Again, the advantage gained by mbiSBM from using covariates can be quite clearly
observed when one increases the noise. The covariates mitigate the effect of noise and lead to
a much graceful degradation of performance for mbiSBM relative to biSC.
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Figure 11: Effect of adding Erd6s—Rényi noise on Wikipedia networks: (left) CITIES (right) TOPARTI-
CLES.

5.2. Author-Paper networks

In this subsection, we use real data examples to showcase the performance of our algorithm
when the the network is large, has high dimensional covariates and under model misspecifica-
tion, that is, when the covariates are discrete.

We have applied the algorithm to two sets of author-paper networks. The first set represents
papers and their authors in different sub-domains of computer science (CS): (1) data mining,
(2) medical informatics, (3) visualization , (4) database, and (5) theory. The data for the first
set was extracted from the Arnetminer collection, based on papers published from 1990 to
2005 in certain CS venues by Tang et al. (2012). The second set of data was scraped from
DBLP, using the papers published in bioinformatics (BI), biomedical /medical informatics (BM)
and computational neuroscience (CN) venues from 1995 to 2018. Each set contains various
subnetworks of the two basic bipartite network described above.

In both sets, we first consider the paper-author bipartite networks with covariates being
high-dimensional vectors of word frequencies appearing in the title of the papers. To deal with
the binary nature of the covariates, we take their z-scores. Although the Gaussian assumption
about these transformed covariates does not hold, we have found that such transformation
allows us to apply our model to discrete covariates with minimal modification and with good
empirical performance as discussed below. A more principled approach to dealing with discrete
covariates would be to model them using a multinomial likelihood (cf. Section 6). The process of
building the network and extracting the covariates is done by restricting to the giant component
of the author-paper network such that each paper is associated with at least one word after
removing sparse words. For the second set, we also removed some non-informative words to
slightly boost the covariate signals.

These datasets have an interesting feature: They can be viewed as tri-partite author-paper-
word networks. Thus, although not intuitive, we can also view the paper-word frequency matrix
as a bipartite network and use the (binary) author vectors as covariates for the papers. Taking
z-scores again bring these binary covariates within our framework.

For these datasets, the ground truth labels are only available for the papers: we treat
their venues (i.e., their main topic) as the true community of the paper. As a result, we can
only find the NMI for the paper labels. Note that assuming a matching between authors and
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Dimensions Avg. deg.

authors papers words | authors | papers
CS12345 5126 8500 1089 4.75 2.87
BM-BI-CN 10561 8482 1649 3.4 4.23

Table 4: Statistics on the author—paper networks with words as covariates

Network | X biSC mbiSBM (biSC) \ mbiSBM (rnd)
a=0 a=1 a=10|a=0 a=1 a=10| mean max
CS12345 0.23 || 0.29 0.28 0.10 0.23 0.36 0.34 0.16  0.23
(CS2345 0.30 || 0.39 0.34 0.15 0.28 0.45 0.38 0.13 0.26
CS345 0.38 || 0.35 0.45 0.09 0.21  0.62 0.35 0.14  0.29
CS45 0.35 0.00 0.76 0.04 0.00 0.73 0.71 0.02 0.08
BM-BI-CN | 0.32 0.00 0.01 0.02 0.00 0.01 0.04 0.23 0.35
BI-CN 0.36 || 0.32 0.00 0.00 0.55 0.00 0.00 0.15 0.37
BM-BI 0.00 || 0.00 0.00 0.04 0.08 0.00 0.27 0.17  0.27

Table 5: NMI for biSC and mbiSBM on the Author-Paper networks.

papers is reasonable as most authors have a theme; similarly a matching between words and
papers is plausible, as previously has been considered in the text mining applications by Dhillon
(2001). Table 4 shows the break-down of authors/papers/words for CS12345 and BM-BI-CN
networks. Also shown are the average degrees of each side of the networks.

(CS12345 refers to the the dataset including all the five topics. CS2345 refers to the dataset
excluding the first topic (data mining), and so on. Note that CS2345, for instance, is not
necessarily an induced subnetwork of CS12345 as we take the giant component each time to
make the networks for each set of topics.

Results on paper-author-word networks. Tables 5 and 6 illustrate the results for various
algorithms. The first column from the left is the NMI obtained by applying k-means on
the truncated SVD of the covariates (Xo column); this approach captures the covariate-only
information. The next three columns show the result for the application of biSC with various
levels of perturbation «. Here, we are adding the constant perturbation a(NlNg)*l/ 2 to every
entry of the adjacency matrix before forming the Laplacian. This is similar to the approach
of Amini et al. (2013) for unipartite setups and is known to have a regularization effect on the
spectral clustering, especially for sparse networks. Note that the case a = 0 corresponds to
the unregularized version as shown in Algorithm 2.

The remaining columns show the performance of mbiSBM initialized with each of biSC
results, collected under mbiSBM (biSC) columns, as well as mbiSBM initialized at random, where
both the mean and the maximum achieved on 25 random initializations is recorded, under
mbiSBM (rnd) columns.

The results show that mbiSBM outperforms covariate-only clustering in all cases and out-
performs biSC in 12 out of 14 datasets, indicating that utilizing covariates as well as network
structure can boost the signals compared to using each source of the information alone. It is
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Network Xo biSC mbiSBM (biSC) ‘ mbiSBM (rnd)
a=0 a=1 a=10|a=0 a=1 a=10| mean max
CS12345 0.00 || 0.26 0.26 0.24 0.43 0.45 045 0.03 0.11
(CS2345 0.00 || 0.27 0.28 0.28 0.52 0.52 0.54 | 0.02 0.20
CS345 0.00 | 0.24 0.39 0.37 0.74 0.74 0.76 | 0.02 0.29
CS45 0.00 || 0.37 0.38 0.36 0.70 0.70 0.71 | 0.01 0.02
BM-BI-CN | 0.00 || 0.00 0.31 0.35 0.00 0.45 043 0.01 0.03
BI-CN 0.00 || 0.01 0.02 0.36 0.00 0.00 0.68 | 0.00 0.01
BM-BI 0.00 || 0.00 0.01 0.26 0.00 0.00 0.17 0.00  0.00

Table 6: NMI for biSC and mbiSBM on the Word-Paper networks.

(1) data mining
* (2) medical informatics
(3) visualization

« (4) database ; ‘i?%
(5) theory é .
authors

Figure 12: The two paper-author networks: (left) CS12345 (right) BM-BI-CN. Nodes corresponding
to the papers are colored according to their true communities. The authors are denoted with squares
and the papers with circles. Node sizes are proportional to log-degrees.

also worth noting that perturbation often boosts the performance of biSC, but not always. In
cases where a version of biSC works well, mbiSBM often boosts the results; this is especially
pronounced for the word-paper networks. Overall random initialization of mbiSBM performs
respectably and surprisingly in some outperforms biSC and biSC-initialized mbiSBM.

6. Discussion

In this paper, we considered the problem of matched community detection in the bipartite
setting, where one assumes a latent one-to-one correspondence between communities of the
two sides. This matching is built into the model and inferred simultaneously with the commu-
nities in the process of fitting the model. Our model is an extension of the stochastic block
model (SBM) and its degree-corrected version (DC-SBM). We extended our proposed model
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to allow for the presence of node covariates that are aware of the matching between communi-
ties: Covariates corresponding to nodes in matched communities are statistically linked using
hierarchical Bayesian modeling ideas.

Although we only considered Gaussian distributions in generating covariates, our hierar-
chical mixture approach has the potential for extension to more general settings. For example,
one can easily model discrete covariates, such as word counts in documents, as mixtures of
multinomial distributions. Some care however is needed when deciding the distribution of the
top layer if one wants to allow for information sharing among the lower level variables (i.e., v,)
from the two sides. In addition, as mentioned (cf. Section 2.5), our current statistical linkage
carries weak information about the matching and it would be interesting to design models in
which the degree of covariate information about the matching can be tuned more effectively.

Our model has natural extensions to r-partite (r > 2) networks where some of the modes
may or may not have node covariates. We note that the general r-partite case is related to the
so-called multilayer or multiplex community detection problem (Kivela et al., 2014). Finally,
one would like to allow for edge covariates to accommodate many cases in real data, where
edges are annotated in some way, say by the ratings as in recommender systems, by time-
stamps as in our Wikipedia user-page examples, and so on. Poisson model of edge generation
can, to some extent, take simple edge weights into account. Whether one can go beyond that
in modeling more complex edge information is an interesting avenue for future work.
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Appendix A. Extensions and improvements

A.1. Speed improvement and diagonal restriction
A.1.1. IMPROVING THE SPEED

For r = 1,2, we treat each (7,4¢)i as a matrix 7, € [0, 1]V K The 7-update in (17) can
be simplified to improve computational complexity for sparse networks A. We can write
h(p,q;0) = ay + ¢, where for the binary likelihood, ¢; = log gg}jgg and ¢y = log =2,
and for the Poisson likelihood considered in Section A.3 below, ¢g = ¢ — p and ¢1 = log(p/q).
Then, in matrix notation

Tlik Xk M1k €XP (le[ATQ]z’k+¢07T2k+51ik(fa0'2)> i=1,..., N1

where [Ams]ix = Zj TojrAi; and we recall Top = vajl Tois- When A is sparse, the matrix-
vector product Ay can be computed quite fast. Letting 8, = (Brix)i € RV"K | we have the
T-update in vector form:

71 = row-softmax [d)lATg + ¢oln, (T2 + log )T + 51] (25)

and similarly for 7. Here, row-softmax is the row-wise softmax operator, applying (16) to
each row of a matrix.
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Further improvements are possible in estimating p and ¢q. Note that we can write 7., :=
[771n.]k. Let us treat 7. as a K-vector, with elements 7,,. Then, we have >0 Yii(T)Aij =
tr(TlTAT2) a‘nd Zz] 72](7—) — <7_—157_—2> 9 and

tr(r{ Am) op—1p 1 T T 1
om0 1T a1 Vs =g N S i, ZJ i (20)

p:

Note that p is the density of the graph (or A) and that (71, 72) = tr(7{ Er) where E is the

all-ones matrix of appropriate dimension. Finally, let us define 3, = tr ((Ek)rr) + | zri — ||

noting that B, = ﬁﬁ;ik from definition (13). Letting 8. = (8., )i be its matrix form, we

can write the update for o2 compactly as

1 1
ol = Nod %Trik/@;ik = N.d tr (7, BL). (27)

A.1.2. DIAGONAL COVARIANCE RESTRICTION

For ultra high-dimensional covariates, one can restrict the covariance matrix ¥ to be diagonal,
which greatly improves the speed of the algorithm. This choice is also reasonable from a sta-
tistical perspective since in high-dimensions, without additional restrictions (such as sparsity),
estimates of a full-dimensional covariance matrix are unreliable. Under the diagonal restriction,
one only needs to make a minor modification to the algorithm: Recalling the variational likeli-

hood J(£) = —& [log || + tr(E_lS(f))], the maximizer over ¥ under the diagonal constraint

is ¥y = [S(I))]is and ¥;; = 0 for i # j, or compactly
. = ddiag(S(I)),

where A +— ddiag(A) is an operator that take a square matrix A and outputs a diagonal
matrix with the same diagonal as A. We note that the update for ik goes as before: ik =
(D, '+%7Y) 7! for k € [K]. Since both D and ¥ are diagonal, 51, will be diagonal as well. Thus,
all the covariance matrices throughout the algorithm will remain diagonal which improves the
speed and scalability.

A.2. Extension to general SBM

Let us now briefly discuss the changes needed for fitting the general SBM model (4). We only
consider the case with no degree correction. Let us derive the label updates first. Using the
general form of the network likelihood (8), the variational likelihood in (15) is replaced with

J=D2 Tk ( D> e g(Vie, Aig) + xiry — log 7'1ik) + const. (28)
ik i ¢

which by the same argument used for (17), gives the following 71, update

Tlik Xk 1k €XP [ZZszzg(‘I’ke,Am)+/31¢k(f702)] i=1,..., Ny (29)
;¢
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The update for 5 follows similarly. The only other modification to the algorithm is the update
for the edge probabilities ¥, replacing the (p, ¢) updates. For ¥ updates, we need to maximize

Ey [ ()] = Z Z T1ikT2j0 9(Wke, Aij)

ij  kl

over ¥. Assume that g(p, a) = ap1(p) + ¢o(p). For any fixed (k,¥), we need to maximize

( Z Tlik7'2j£Aij> &1(Yre) + T1rTae 9o (Vke)
ij

where we have used 7,;, := >, Ti. The problem reduces to maximizing p — a¢1(p) + bo(p)
for some positive a,b € R. It is not hard to see that the maximizer is the same for both the
Bernoulli likelihood (¢4 (p) = log[p/(1 — p)], ¢op) = log(1 — p)) and the Poisson (¢1(p) = log p,
¢o(p) = —p), and is equal to p* = a/b. This give the following W-update

Wy = A; 30
ke leT%ZlekT%E ij- ( )

Speeding up the updates. Using the notation introduced for g, we have
ZZTQ;@Q e, Aij) Z (ZTQJEAZJ>¢1 Wke) + ZTze Po(Wke).

Let @1, &g € REXK be matrices with entries [®]ps = ¢s(¥p¢) for s = 0,1. Then, 7 update is
ria o migexp ([An®T i + [@omalk + Ain(T,0%)) i =1, N
or in matrix form (similar to (25))
T = row—softmax(A7'2<I>1T + 1n, [PoT2 + log 7T1]T + 51) (31)
Here 7o = (7o) € RE is viewed as a column vector.

A.3. Extension to the Degree-Corrected Case
In this case the network-dependent part of the likelihood is replaced with

Z Z 21ik%250 9 911923 Wi, Azy)
ij

Again, we focus on the case where ¥y, = p and U,y = q for k # £. Recalling the notation
h(p,q,a) = g(p, @) — g(q, @), we have

(1(V,0) = Z [yij h(pb1i02j, q61i025, Aij) + g(61:0254, Aij)]- (32)
ij

We assume a Poisson log-likelihood with g(p, o) = aclog p—p for which h(p, ¢, «) = alog(p/q)+
g — p. We also recall the normalization assumption (7), >, Orizrit = > _; Zrik, which implies
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> i YigOifa; = >, yij and 32,0 01,625 = N1Na. Using these two implications, the first term
in (32) simplifies to

> yii[(q — p)6riba; + Aijlog(p/q)] + Y [~01i62jq + Asjlog(61:6;q)]
ij 1j
= yijl(a—p)+ Ayjlog(p/q)] — aNiNa + Y Aijlog(61,60259)
Let ¢o = ¢ — p and ¢; = log(p/q).

T-update. Let us fix § and obtain updates for the label posteriors 7. Taking expectations of
the objective and the constraints, the 7-portion of the update is equivalent to maximizing

Z Vi (7) [¢0 + Aijé1] + Z Toits [Brin (T, 0%) + log er}
ij

T
rik rik

subject to constraints ) _, 7% (0,; —1) = 0 for all k. Note that these constraints follow by taking
expectations of the normalization constraints (7) under Z ~ ¢. Focusing on updating 7, we
have the following optimization problem:

max >k Tk (22 Tojk [Go + Aijdr] + Erin — log Tir)

i (33)
subject to Y . Tk(f1i —1) =0, D> 7Tk =1, Tk >0

where &1;; = Bk + log w1 as before. In Appendix C.1, we derive a dual ascent algorithm for
solving this problem with the following updates:

71(A\) = row-softmax [gblATg + ¢oln, (T2 + log 71'1)T + 61+ (01 — l)AT],

(34)
X = A= ufr (V) (601 - 1).

Here, A € R¥ is the dual variable, A" is its update, 6; = (61;) € R™, and pu is a proper step-
size. These two iterations are repeated till convergence, before updating other parameters.
Note that when 6; = 1, the dual ascent algorithm reduces to the single step of (25) obtained
for the case without degree correction.

f-update. Let us now fix 7 and the rest of the parameters and optimize over 8. The relevant
portion of the objective function is

D () = p+ Aijlog(p/q)] — N1 N2 + ) Ajjlog(61i6259).
i i

Consider optimizing over (61;), which is equivalent to maximizing ), di;log6;, subject to
> i Tiik(61;—1) = 0 for all k, and 61; > 0 for all i. This problem is suitable for an application of

the Douglas—Rachford (DR) splitting algorithm (Douglas and Rachford, 1956; O’Connor and
Vandenberghe, 2014). Let fi(-;d) : R} — R’ with d € R} and t > 0, be defined by

[fe(@; d)); = %[m +\Ja? + 4td;). (35)
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Also, let Hy := 7(r{ 71)~'7{ be the projection operator onto the span of 7 € RN XK The
algorithm performs the following iterations for updating (&1,61) to (¢, 67):

07 = fe(&1;dr)
+ + + (36)

§ =07 —Hi(20] —& —1)
where ¢ € RM is an auxiliary variable, d; = (d1;) € R™' collects the degrees of side 1, and
t > 0 is the fixed parameter of DR algorithm (often set to 1). The details for the derivation
of this algorithm can be found in Appendix C.2. The same updates apply to 62, replacing
subscript 1 with 2.

Remark 3. Note that if 71 = (71;%) was a hard label assignment, then the optimization for
(01;) would have a simple solution. To see this, let Ci(71) be the kth cluster of hard label 7.
Then, the optimal value of 67 is given by

dy;

912' - 5
Zi’ECk(ﬁ) d

for i € Cii(1).

This is in fact, the choice in profile-likelihood approaches to fitting DC-SBM, where one replaced
f1 with this optimal value, in addition to optimal values of edge probabilities and class priors,
all in terms of {C4x(71)}, and then optimize the resulting profile likelihood over {C1x(71)}. See
for example (Karrer and Newman, 2011). Our approach here, allows us to keep a soft-label
assignment 71 throughout the algorithm, viewing optimization over #; as another phase of
block-coordinate ascent for the overall constrained optimization problem.

(p, q)-update. To optimize over p and ¢ we note that because of the Poisson model, p and
q are not tied together and the only constraint we have is p,q > 0. Optimizing over p is
equivalent to maximizing —p Zij vij + logp Zij 7i;Ai; and optimizing over ¢, is equivalent to
maximizing over —g ;. (1 —7ij) +1ogq >, ;(1—7i;)Aij, both giving the same updates as those
in (21).

Appendix B. Details of Section 3
B.1. Proof of Lemma 1

We have fqo(p) = — > prlog(pi/e™). If Y, e* =1, then — fo(p) is the KL-divergence between
(pr) and (e**) and the result follows. Otherwise, normalizing only adds a constant to f,, that
is, with C' =1/, e* and g, = Ce%, we have f,(p) = — >, prlog(pi/qr) — log C and the
result follows.

B.2. Derivation of (12)

We write E, for expectation w.r.t. the above joint distribution on (Z,V). Similarly, we
write E,, and E,, for the expectation (or integration) w.r.t. to each of ¢z and qy. Note
that Eq[-] = Eq,Eg,[-]. Plugging in the variational distribution (11) into the variational
likelihood (10). we have

J = Eq[g(/%z),U,Q)] —logq(Z, V)| =Th +To+ T3 — Ty — T5
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where

T = EQZ [Z w(Aija yt])] , Th= IEquqz [Z Zrik [lOg f?“(xri; Urk) + log er]}
1,3

7,0,k

T3 =Ky, [Zlogp(v*klu, Z)], Ty =Ey,logq(Z), Ts5=Eg logg(V)
k

Let vi;(7) := Eq, (vi5) = Ele T1ikT2jk, SO that
=), {%j(f) log(p™s (1 — p)'=49) + (1 — y35(7)) log(q™ (1 — ¢) ' =44 )} (37)
i7j

We frequently use the following elementary result in the sequel. Let x — N(xz;u,X) be the
PDF of the multivariate normal distribution with mean p and covariance .

Lemma 2. Let € be a random vector with mean i and covariance ¥, and x a nonrandom
vector. Then,

Ele” Ae] = tr[AS] + i AfL, (38)
Ellog N(z;e,3)] = E[log N(¢; 2, 5)] = —%{ log [S| + (z — 0TS o — ) + tr(E’li)}

_ —%{log\m + (s}, (39)

where O =3 + (z — 1) (z — )7

Proof Let us prove (39). We have log N(z;¢,%) = —1log|%| — 3(z —)7E (2 — ). Noting
that © — e has mean = — jt and covariance ¥ and applying (38) gives the desired result. |

Recall that f(vri;vk) = N(2ri; Orky o2ly), and note that under gy, v, has mean fi,; and
covariance (Xy)r. Note that we are partitioning X into four blocks of sizes {d1,da} x {d1,da}
and (Xg)rr,” = 1,2 correspond to the two diagonal blocks in this partition. Using Lemma 2,
we have

15 = Eqv{ Z Trik [log N(xri; Urk, Uzjdr) + log er] }

T,k

tr ((Z 2
:Z'fm‘k[—%logd,%— r(( k)ﬂ’)"’_me firk ||

202 + log er]-

ri,k

Recall that T := ((Zg, fix), k = 1,...,K) and S(T) := £S5, [S% + (fx — ) (7 — ).
Another application of Lemma 2 gives

T3 = By, [Zlog N (Vaks; 1, E)} = *% > [log |S] + te(S7'Ek) + (ke — )" S (i — )]
k k
_ _% S [log| 2] + tr(E 1w, (D))

k

- —g [log X+ tr(z_ls(f))]'
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Using Lemma 2 once more, we have

T5 = Eq, logq(V) = Y " Eqy log N (veg; ik, L)
k

1, < 1 1 5
= ; —§[log 1Sk + tr(Lgy+4,)] = _iK(dl +ds) — 5 ;IOg |2k

Finally, we have

Ty =Ky, logq(Z) =Ey, Z Zrik 108 Trik = ZTrik log 7;.i- (40)

T,k ri,k

Putting the pieces together we get expression (12).

B.3. Updates of Y and n
From (12), the relevant portion of J which is a function of [ = (1, f]) is given by

o~ = K
J(,2) =Y maBrin(T,0%) — & 5 1[5 LS(T, )] Zlog\2k|

T8,k

Substituting ik (T, 0%) := = oz [t (Zk)rr) + v =ik %], and ST, ) = 4 340 [Se+ (e —
1) (fig — p) ™) from their definitions, and looking at the result only as a function of X, we obtain

J(E) = —%Z {Zwtr((iﬁ)) RIS - 1og|iky} (41)

k T8

: = . NN ) -1._ 73 Tik Tok
Recalling 7,1, := >, Ty, and D, " := diag (J—%Idl, U—%Idz), we have

5 ka

Hence, we obtain J(3) = — s> trl(ST + Dy 134] — log |2k | which is the desired result.

Ek rr

Zﬂk Ek M) =tr {Z Trk (k) ] = tr(Dy 1)

0-2
T

Similarly, by substituting 8,4 (T, 02) and S(I', u) and looking at the result as a function
only of 1, we obtain

T 2
9@ =2 32 [ a2 T ]
k i r

Let us simplify the sum over r and i. Up to constants as function of 1, we have
ZTrikHﬂcm — Frkl* = ZTrik(Hﬁrk”Q — 2(&ri, firk))
i i

= 7_-7"kHﬁrk||2 - 2<£rk>ﬁrkz>
= 7T’/‘k(”ﬁ’rk”Q - 2<ﬂrkzaﬁ7‘k>)

= 7T?"lc”ﬁrk - ﬂrk”z
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where the second to last equality is by definition of fi,; := Z,r/7:k. Recalling the definitions
of 71, and T, 1= vazrl TrikTri. Hence,

HfEri_ﬁrkHQ . Trk — N2~ —\NT =1/~ _
> Trik———5 = > H,Ufrk ekl = (A — )" Dy (g — fik)
T

T, r

Thus, we obtain

—_

—5 > [k — )" D ik — i) + (e — )5 (T — ).
P

l\’)

Desired expression (19) follows by applying the following lemma.

Lemma 3 (Sum of quadratic forms). For symmetric matrices Q1,Q2, . . .,

Z(CL’ —m) Q. (x —my) = (. —m)TQ (x —m) + const., Vax

T

where Q = (3., Q)™ and m =", QQ; 1 m,.

Proof Since the two sides are quadratic functions, they are equal up to constants if their deriva-
tives up to second-order match. Equating the Hessians gives ) . Q' = QL. Then, equating
the gradients gives Y, Q; Y(x —m,) = Q™ (x —m), which simplifies to Y, Q; 'm, = Q7 m in
light of the Hessian equality. |

B.4. Updates of ¢, 7, p and ¢

The relevant portion of J as a function (0?2) is
1 1 =
2 ~ 12 2
J((UT)) = _5 ; [;% ;Tm‘k [tl‘ ((Ek)rr) + me - Mrk” ] + drNr 1Og‘7r . (42)

The maximizer of the function z ++ Az~'+Blogxis A/B (assuming A, B > 0), from which (20)
follows.

As a function 7, J has the form J(m) = > ., Tixlogmy = >, 4 Trk log Ty, using the
definition of 7,;. The following lemma is standard. (Recall that Px is the set of probability
K-vectors.)

Lemma 4. For any nonnegative vector (a1, ...,arx),

1
argmax ay log py, = ay,...,ax).
p € Pk Xk: Zkak(

Based on the lemma, mj-update is m; = (7i1,...,71k)/(Q_; Tik).- The update for m is
similar.

To update p we note that J(p) = >, ;7i;(7)(Ai logp + (1 — Ajj) log(1 — p)). The update
is obtained by setting the derivative to zero. The g-update is similar.
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Appendix C. Details for degree-corrected algorithm

C.1. T-update with degree restriction

In this section, we derive a dual ascent algorithm for the optimization problem (33) which
has to be solved for updating 7 under the degree corrected model. Letting a;; := ¢1[ATo)i +
¢oTar + &1k, and with some notational simplifications, problem (33) can be stated as

Xm(in - zip(aip —logzw), st. X € Pug, Y mip(fi—1) =0, Vk (43)

TR g i
where P, i == {(zi) € R : 3, 2y = 1,Vi}. Let f(X) be the objective function in (43),
and let us write the constraint in vector form Y,z (6; — 1) = XT(0 — 1) = 0. With the
Lagrangian L(X,\) = f(X) — AT[XT (6 — 1)], the dual function is
O(N) = in L(X, A
(V)= min L(X,A),
and the dual problem is max) ®(\). A dual-descent algorithm maximizes ® by performing a
gradient ascent on ®: AT = A+ puV®()\). We know that the gradient of @ is given by 9\ L(X, \)
evaluated at X*(\), the optimizer of the Lagrangian. More precisely,
Vo) = [X*(N))T (0 —1), where X*(\) = argmax —L(X, \)
X E€Pn i

Solving for X*(A) is an instance of the problem in Lemma 1. The problem is separable over i
and for fixed 4, we are maximizing ), xir(aix —logxir) + D ) Mewin(0s — 1) = >, zind [aix +
Ak (60; — 1)) —log zi } over x4 € Py i, the solution of which is given by the softmax operation

xfk()\) X exp(aik + )\k(ei — 1)) (44)
Thus, the update for the dual descent can be written
A= —p ) w0 - 1), k. (45)

C.2. f#-update

Simplyfying the notation, let h(0) = — >, d;log; and V := {0 : >, 7;5(0; — 1) = 0}. The
problem is equivalent to minimizing h(6) 4 6y (6) over § where dy is the indicator of V' in the
sense of convex analysis. Douglas-Rachford algorithm, also known as Spingarn’s method of
partial inverses in this special case, is given by

07 = prox,,(€)

Er=8+Pr(207 -8 —0" (46)
where prox,, is the proximal operator of th(-) and Py is the projection onto V. Due to
separability, it is not hard to see that [prox,(6)]; = prox,q, joe(.y(¢;). This univariate proximal
operator can be easily shown to coincide with [f;(6,d)]; as given in (35).

As for the projection, in general with C = {x : Ax = b}, we have Po(z) = = +
AT(AAT)"Y(b — Az). Note that V = {6 : 77(0 — 1) = 0}. Applying the general result
with A =77 and b = 771, we get Py(0) =0+ 7(777)"'77(1 - 0) = 0 — H(0 — 1), with the
obvious choice for H. Thus (46) simplifies to

§r=E6+(207 - -H@20T-£-1) 0"

which gives the claimed update.
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Appendix D. Expected average degree

Let A\j =3 ; Aij and j\j = >, A;; be the degree of node i from group 1, and node j from group
2, respectively. Then, the average degree of the network is

i hi+ > A 235 A

A= = .
N1+ No N1 + Ny

Recall the definition of clusters C,; from (1). The expected average degree can be derived as
follows: Assume that i € Cy, then E[A;;] = 01;62;(p1{j € Cor} + q1{j ¢ Ca}). Then

E(S\Z) = (912' (p Z 92j + q Z 92j> = Girk, where T ‘= |CQk|p+ (NQ — ‘Cgk’)q

J€C2 J¢Cox
Here, we have used the normalization (7): >_;cq,, 02; = |Ca| for all £ € [K]. Now,
Ny Ny Ny
ZE()\Z) = Z Z l{i S Clk}E(/\z) = Zrk Zeh‘l{i S Clk} = Zrlelkl
i=1 i=1 k kooi=1 k

using the normalization of #1;. Dividing by N1 Ny and using |Cyx|/N, = m for r = 1,2,
Ny
> E(A) = NNp Y [mixg + migmar(p — ¢)] = NiNa(g +T(p — q)),
i=1 k

where Il := ), mmo,. By symmetry, Zj\gl E(\;) = N1Na(q + TI(p — q)). Hence,

. 2N1 Ny

A=E[)\ = m(q +I(p—q)), wherell:= gﬂ'lkﬂ'gk.

Note that 12\111\&]1\\7722 =2/(N; ' + Ny ') is the harmonic mean of Ny and No.

Appendix E. More simulations

Figure 13 shows the effect of varying the dimension of the covariates d = (dj, d2) and the scale
of the covariance matrix v. The setup is as in Section 4, and in particular 3 = vI controls how
far apart the centers of the covariate clusters vy, € R+ are. Only the mbiSBM algorithm is
shown (with no degree correction and) initialized with Dirichlet-perturbed truth (~rnd). As
one expects, increasing the dimensions of the covariates increases the performance (seemingly
without bound). Increasing v improves the performance up to a point, but there is a saturation
effect beyond that point, where the performance remains more or less the same.
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Matched NMI
Matched NMI

e—d = (0,0) —e—nu=0.0

—a—-d=(2,2) mbiSBM (~rnd) A —nu=01
0.2 mbiSBM (~rnd) d=(55) d=(2,2) nu=1.0
K =10 —a—d=(10,10) K =10 —s—nu=10.0
01 a=0.14 — ¢ -d=(20,20) a=014 & ~nu=100.0
v =10.0 d = (50,50) nu =1000.0
. . . . . . . . I I I I I I
0 5 10 15 20 25 30 35 40 10 15 20 25 30 35 40
Average degree Average degree

Figure 13: (Left) Effect of changing the dimension of covariates d = (di,d2) and (right) the parameter
v where ¥ = vy 14,.
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